We aim at understanding typhoon tracks by classifying them into the ENSO and La Niña types. Two methods, namely, tri-plots and Markov chain combined with a novel dissimilarity measure for trajectory data are proposed in this work. The calculation of the tri-plots can help us to separate ENSO from La Niña year typhoon tracks with the training error about 0.023 to 0.268 and the test error about 0.271 to 0.334. The Markov chain based dissimilarity measure, combined with the SSVM classifier can help us to classify tracks with the training error around 0.031 to 0.173 and the test error around 0.181 to 0.287. Moreover, for the purpose of visualization, the tri-plots or Markov chain-based method maps the typhoon track data into low dimensional space. In the space, the typhoon tracks of small dissimilarity should be regarded as one group. The map can be very helpful for catching the hidden pattern of ENSO and La Niña atmospheric circulation for establishing typhoon databases. In general, we believe that tri-plots and Markov chain-based method are useful tools for the typhoon track classification problem and should merit further investigation in related research community.
INTRODUCTION
It is an important and meaningful work of the typhoon track classification which can be used to diagnose the atmospheric circulations and establish typhoon databases. Some researches (Camargo et al., 2007a; Camargo et al., 2007b; Lee et al., 2007) focused on the different shapes or the clusters of the typhoon trajectories. It means that they divide the typhoon trajectories into several groups; for example, the eastwestward movement typhoons, or the recurved movement having more north-southward component movement typhoons, or maybe the typhoons close to the continent, or the typhoons trapped in some areas, etc. In general, they describe typhoon tracks mostly based on their intuition without too much theoretical support. The method of Lee et al. (Lee et al., 2007 ) sliced the typhoon tracks into different segments by different moving directions, and used the minimum description length (MDL) to cluster the typhoon tracks. The method of Camago et al. (Camargo et al., 2007a; Camargo et al., 2007b) followed Gaffney and Smyth (Gaffney and Smyth., 1999) trajectory clustering with mixtures regression models, and arranged the typhoon tracks into seven clusters. The common point of these researches regards every single typhoon track as one sequence. In this work, we consider typhoon tracks by collecting the typhoon cases for a period of time to find a global understanding of the typhoon data. We examine the different spatio-temporal structures of typhoon tracks for the classification. In atmosphere, the most significant annual circulation variation events are ENSO (El Niño southern oscillation) and La Niña, the anti-ENSO. When the El Niño or ENSO event happens, the anomaly of equatorial sea surface temperature area will move to the central Pacific Ocean and that definitely causes the typhoon generation area eastward and changes the shapes of typhoon tracks. The purpose of this study is to classify the typhoon trajectories in a period of time into either El Niño or La Niña event.
The method of tri-plots (Traina et al., 2001 ) is one popular data mining tool to find the patterns and relationship between two large-scale, multidimensional datasets. The tri-plots are composed of two selfplots and one cross-plot. In the comparison of two datasets through tri-plots, the two self-plots find the patterns of two individual datasets and the cross-plot finds the relationship between the two datasets. Taking each El Niño and La Niña event data in turn, we can depict the distribution of each data cloud by selfplots and measure the distance of two data clouds by cross-plots. We then use the distances from crossplots as the input for Isomap (Isometric feature mapping) (Tenebaum et al., 2000) to find low-dimensional embedding of the typhoon data. After that, in the lowdimensional space, the smooth support vector machine (SSVM) with gaussian kernel (Lee and Mangasarian., 2001 ) is used to classify the typhoon data into El Niño or La Niña event.
On the other hand, we propose a second method for typhoon track classification. We use Markov chain (Bishop, 2006; Lin, 2009 ) to extract the hidden patterns of typhoon trajectories. We model a sequence, a period of time typhoon tracks, by a Markov chain model. The consecutive time steps of the typhoon coordinates can be described by conditional probabilities in the Markov model. Risi (Risi, 2004) also use Markov chain to analyze hurricane tracks, but we focus on the classification of typhoon tracks. Moreover, we propose a novel dissimilarity measure for a pair of sequences for typhoon track classification. Given two sequences, the dissimilarity measure computes how well a sequence is described by the model for another sequence and vice versa. Similarly, the dissimilarity distance that we computed can be the distances of the Isomap and the SSVM with gaussian kernel is used for the classification problem. The remainder of this paper is organized as follows. In Section 2, we introduce our typhoon dataset. Section 3 and Section 4 in turn discuss the tri-plots and the Markov chain-based dissimilarity measure for typhoon track classification, followed by their experiment results. Then, in Section 5, we further discuss the proposed methods and summarize our conclusions.
DATA
The typhoon trajectory data that we discuss are from Japan Meteorological Agency (JMA). The data recorded the western Pacific ocean which covers the west of the longitude 180E to the east of the 100E typhoon center movements (positions) and other observation variables, e.g., pressure, wind speed, etc. The data features in this study include:
1. longitude, 2. latitude, 3. minimum pressure, 4. average high level (300 hPa) wind speed of the typhoon center, and 5. topographical information.
We obtain the first four features from the JMA database; while the last topographical information is calculated to show how close the typhoon center is from the continent. The point is: when typhoon touches the land, the intensity will decrease dramatically or even disappear. Typhoon cannot hold longer on the land, so it will not penetrate into the land so far. In brief, if the typhoon center is at land, we define the distance is equal to 0. In contrast, the typhoon center is at sea, the distances between the center and the land are calculated. Currently, the JMA data recorded the typhoon trajectories from 1951 to 2009. The time resolution is about three to six hours. Furthermore, the high level Meteorological data are from National Center for Environment Prediction (NCEP) reanalysis-2 data. We use higher level (300 hPa) wind data in this study, because the higher level wind steer the typhoon movement (Chan and Gray., 1982; Emanuel, 2005) . The ENSO years and the La Niña years are based on NOAAs (National Oceanic and Atmospheric Administration) definition by Niño 3.4 index. In order to use the NCEP reanalysis-2 data, we only focus on the time events after 1980. There are seven ENSO years corresponding to seven ENSO events and the labels are set to be 1 and there are five La Niña years as five events and the labels are set to be −1 . We also have ten neutral events which do not belong to either ENSO or La Niña group. The number of labelled dataset is relatively small. In some occasions, we chop the events into sub-events so that we can obtain the result with more statistical meaning.
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CLASSIFICATION BASED ON TRI-PLOTS
Traina et al. (Traina et al., 2001) proposed the tri-plots based on fractal dimension to calculate the difference between two datasets. Given two datasets A and B, the tri-plots can help us to judge whether the two datasets, in this case, the ENSO and La Niña typhoon trajectories, are from the same distribution. The tri-plots include three kinds of plot tools:
2. self-plot ( for dataset B ), and 3. cross-plot ( for two datasets ).
For two datasets A and B, and the cross-plot function is defined by
where C A,i ( C B,i ) is the number of points from set A( B ) in the i-th cell, and r is the distance for the pair of points. Hence, the cross-plot function is proportional to the count of A-B pairs within distance r, and the cross-plot is the plot of the cross-plot function versus log(r). Moreover, the self-plot function is defined by
and the self-plot is the plot of the self-plot function versus log(r). If A is self similar, the self-plot of A is close to a straight line and the slope is the intrinsic dimension of the set which is correlated with the fractal dimension of the set (Belussi and Faloutsos., 1995) . In most situations, the cross-plot and self-plot with log(r) are not linear, and we can use regression method to determine the regression lines. We use the line slopes to discuss the information between the datasets A and B instead of the original data points.
The Study of Self-plots. As mentioned, the features that we used in this study are longitude, latitude, minimum pressure, u (300 hPa), v (300 hPa), and the topography information. The slope and intercept based on self-plot function is regarded as the point coordinates in a space. Then, we plot all the annual ENSO and La Niña events in 2-D, as shown in Figure 1 . Basically, the ENSO points (red points) and the La Niña points (blue points in the middle) are roughly separated into two groups. It is interesting to take a close look of the point set in the intercept verse slope space. In Figure 1 , we find that the 8688 on the top right and 9596 on the bottom left are two extreme The distribution of (m,b) by 6−D (lon,lat,minp,u300,v300,Gauss_geo_dist) data points slope intercept Figure 1 : The slope and intercept of the tri-plots of typhoon data. The longitude, latitude, minimum pressure, u (300 hPa), v (300 hPa) and topography effect are used in the experiment. We can roughly observe that the ENSO points (red points) and the La Niña points (blue points in the middle) are separated into two groups.
events. The 8688 event locates around the large slope and intercept area; on the contrary, the 9596 event are found around the small slope and intercept area. After checking with the original typhoon trajectories, we find that the number of typhoon cases in 9596 is very few and the number of cases is about 12 during this period of time in contrast to other events. Meanwhile, the number of typhoon cases in 8688 event is in normal situation, but it belongs to ENSO event and the typhoons seem to travel longer distances than others. When we use the distance to calculate the tri-plots, the longer distances we get, the larger slope we have. This explains why the 8688 event has large slope and intercept and the 9596 event has small slope and intercept. We can check the Figure 1 following the vertical line with the same slope; for example, along the lines slope = 2.85 and slope = 3.1. There are two events, 9798 and 0203, located around the 2.85 slope; similarly, there are two events, 8889 and 9800 located around the 3.1 slope. When we check the typhoon trajectories, it is easy to find that the 8889 and 9800 events are very similar, and the 9798 and 0203 events are very similar, too. As we know, the slope represents the fractal dimension, and the same fractal dimension of two data clouds implies that they are selfsimilar. The different intercept but the same slope depicts that there are still differences in real geometrical shapes; for example, a line and a circle (or a ring, i.e., without the inside part) have the same fractal dimension but different shapes. Based on this, the self-plot distribution can afford a tool for atmospheric scientists to do cluster studies.
The Study of Cross-plot. We would like to use cross-plot to separate two types of data, the ENSO and the La Niña typhoon trajectories. Based on the same set of features, the output from the crossplot functions is regarded as the distances for the Isomap. In Isomap (Tenebaum et al., 2000) , we 1) construct a neighborhood graph by linking each pair of events/points that qualify as neighbors; 2) find the length of the shortest path between each pair of points and take it as the approximation of their geodesic distance; and 3) take the pairwise (geodesic) distances as the input and apply Multidimensional Scaling (or MDS) to find the global Euclidean coordinates of the points. Because there are only 12 labeled events (seven ENSO, five La Niña) in our study, it is not so meaningful to operate the Isomap or the classification task based on such a small dataset. We split the dataset from 12 events to 60 events by chopping each of the original event into five smaller sub-events. In here, we carefully chop the event so that one typhoon case is still kept in the same event. We set the intrinsic dimensionality (Tenebaum et al., 2000) equal to five for Isomap, then classify the events by SSVM in the embedded space produced by Isomap. As shown in Table 1 , the classification results are: training error around 0.023-0.268 and the test error about 0.271-0.334, for different k's for the nearest neighbor choice. Table 1 : Error rates of the SSVM combined with cross-plots and Isomap, for k equal to 5 to 10 which specifies the number of closest neighbors used in the Isomap.
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CLASSIFICATION BASED ON MARKOV CHAIN AND A DISSIMILARITY MEASURE
We assume the typhoon trajectories can be represented as a sequence s = (x 1 , x 2 , ..., x t , ..., x T ), where x t is the coordinate value of typhoon center composed of longitude and latitude at time t; the subscripts 1, 2, . . . , T mean the different time stamps of the typhoon positions. Then, we define the pace vector x t+1 − x t , and the Euclidean pace size λ t = x t+1 − x t . So the pace change is given by λ t = λ t+1 − λ t . The angle θ t is defined by the angle between vector x t+1 − x t and the x-axis; and the angle change is given by θ t = θ t+1 − θ t . Let m(σ λ , σ θ ) denote the model of trajectory sequence, and the transition parameters are σ λ , σ θ which represent the standard deviation of pace changes and angle changes. According to Markov chain theory, the probability density function of λ t and θ t or the probability of having x t+2 given x t+1 , x t can be described by
(4) The log-likelihood (s ; m) associated with trajectory s and model m is written as
(5) We compute the (Shannon) code length of the trajectory s as the negative log-likelihood as
Finally, the dissimilarity value d is given by
In this equation, it estimates how effective if we want to describe one trajectory by the model for other trajectory. The dissimilarity matrix D can be given after calculating all the trajectory pairs d(s i , s j ). In this study, in order to have representative typhoon trajectories and save computing time, we combine several typhoon tracks to be one trajectory. Because of combining a period time typhoon trajectories as one sequence, the pace size between the ending point of one trajectory and the beginning point of another trajectory is larger than the regular pace sizes of consecutive time stamps. We can choose the threshold with λ = 10 and ignore all the pace sizes of λ > 10. We can compute two dissimilarity matrices D λ and D θ based on two separated information about pace size and angle and combine them into one target dissimilarity as follows
In the formula, we can choose a larger α to respect more of the importance of pace size information. In The error rates of the SSVM based on Markov chain combined with the dissimilarity measure, with threshold λ ≤ 10 and k = 4 for the Isomap.
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P P P P P P P We want to compare the classification result based on tri-plots and the result combining the Markov chain and the proposed dissimilarity measure. We separate the original 12 events into 60 events using the same data splitting method as the previous section. The dissimilarity matrix D forms these 60 trajectories can the input for the Isomap. Again, executing the SSVM with the intrinsic dimensionality chosen to be five for Isomap. The result is shown in Figure 2 and Table 2 .
In Figure 2 , we show the 3-D structure from Isomap. The La Niña 9596 event located around left corner with blue inverse triangle is the most different case from the ENSO 8688 or ENSO 8283, and this result is consistent with the tri-plots (Figure 1) . Moreover, the blue mark points on top left corner in Figure 2 are from parts of La Niña cases like 8485, 8889, 9800 and 0708 which somehow show the trajectories close to Asian continent. Based on 10-fold cross validation, the training error is 0.031-0.173 and the test error is around 0.181-0.287.
CONCLUSIONS AND FUTURE WORKS
In this study, we proposed the quantitative and objective tools, tri-plots and Markov chain-based method, to distinguish the differences between the different yearly typhoon track events. Based on the evaluation, we have about 70% accuracy on classifying the typhoon tracks belonged to El Niño or La Niña events.
In tri-plots, we afford a global view to see different annual events by the self-plot distribution, and the result is consistent with the report of World Meteorological Organization (World Meteorological Organization, 2009) , that is, no two El Niño events are identical. Moreover, the self-plot distribution affords the information for future clustering studies of El Niño and La Niña events. Besides, the tri-plots experiments tell us what kind of features we probably should have them included for the classification or for typhoon databases. Until now, the world typhoon databases just store the low level features of typhoons. We believe that adding the high level winds or the consideration of topographical effect should be included in typhoon databases. On the other hand, the Markov chain-based model gives us better performance than the tri-plots. However, the different probability distributions should be considered in the future, that is, Markov chain-based model still has more potential to do the following classification researches. Finally, either tri-plots or different Markov chain models, can be extended to other traditional Meteorological data analysis. Because the quantity of the Meteorological is very large; for example, the space resolution of NCEP reanalysis data is about 144×73 in horizontal; the 17 layers in vertical for one specific feature and the time resolution is about 4 times in one day. So, when we extend our methods to analyze the annual events, we need to modify our current algorithm. First, we need an alternative method to solve the eigenproblem in Isomap (solving large and sparse matrix), and we need more efficiency box-counting data structure in tri-plots.
